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1.  Introduction 
Recently, based upon the theory of hedonic price functions, a number of studies assessing the 
efficiency  of  heterogeneous  product  markets  using  non-parametric  frontier  estimators  (Data 
Envelopment Analysis (DEA)) have appeared (see, e.g., Staat and Hammerschmidt (2005) for a 
review).
1 Indeed, the advantage of being able to evaluate differentiated products and their prices 
has  made  DEA  a  standard  tool  for  the  evaluation  of  market  efficiency  in  the  marketing, 
management and economics literatures alike. As the exchange between Hjorth-Andersen (1992), 
Maynes (1992) and Ratchford and Gupta (1992) reveals, alternative approaches like measures of 
price  dispersions  or  price  quality  relations  are  not  informative  as  to  the  degree  of  market 
efficiency. This strand of the literature is somewhat akin to the use of frontier-based inefficiency 
estimators  in  labour  economics  to  estimate  “hedonic”  wage  frontiers  to  establish  deviations 
resulting from imperfect information (one example is the matching efficiency of regional labour 
markets: see, e.g., Ibourk et al. (2004)). Polachek and Robst (1998) is –to our knowledge- the sole 
study  corroborating  the  incomplete  information  interpretation  of  these  wage  inefficiency 
estimates  by  comparing  these  to  independent  direct  measures  of  workers'  knowledge  of  the 
world of work. Thus, inefficiency estimates of heterogeneous product and labour markets can be 
attributed at least in part to imperfect information among consumers and employees. 
However,  the  advantages  of  this  methodology  come  at  a  cost  that  has  hitherto  been 
largely ignored by current practice price frontier applications. The understanding of this specific 
problem has been facilitated by recent insights into the statistical properties of these frontier 
estimators (see Daraio and Simar (2007, chap. 3), Simar and Wilson (2000) for a survey and 
especially Gijbels et al. (1999)). Namely, (price) frontier estimators are inherently biased and 
this bias depends on specific properties of the underlying data. The bias is not only related to the 
number of observations in the sample and to the number of inputs and outputs in the model, but 
also to the density of observations around the relevant segment of the frontier. The reason why 
efficiency scores obtained from samples with different properties cannot be directly compared is 
that non-parametric frontier estimators provide a local and inner approximation of the true, but 
unknown frontier (technology). Roughly speaking, the more observations there are in a sample, 
the better the approximation of the true frontier. The better this approximation is, the closer the 
efficiency estimates resemble the true efficiency. Put differently, with a poor approximation of 
the frontier there is possibly a substantial bias for the efficiency estimates. Obviously, different 
samples  with  specific  properties  in  terms  of  sample  size  lead  to  different  qualities  of 
                                                 
1 Rosen (1974) offers a theoretical framework to study market equilibria for differentiated commodities differing 
along multiple characteristics. 
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approximations and hence different degrees of bias. Similar to the sample size bias, the more 
input  and  output  dimensions  are  included  in  a  given  technology,  the  more  serious  the  bias 
problem becomes. 
This  makes  the  comparison  of  average  product  efficiency  interpreted  as  “market 
efficiency” across markets difficult when the samples for the markets studied differ in size and 
when products are evaluated on the basis of different numbers of characteristics.
2 If so, one 
cannot infer from the average efficiency scores that one market is more efficient than another (or 
alternatively phrased in terms of inefficiency, that higher mark-ups on differentiated products 
and  hence  lower  consumer  surplus  are  realized  in  one  market  vis-à-vis  another),  let  alone 
employ statistical methods to analyse the determinants of market efficiency. This, however, is 
precisely what has been attempted in some of the existing studies on market efficiency (e.g., 
Kamakura et al. (1988)). 
However,  this  problem  need  not  distract  from  the  attractiveness  of  measuring  and 
comparing market efficiency with frontier based approaches provided one can properly account 
for this above bias. It had been noted by Gstach (1995) as well as by Zhang and Bartels (1998) 
some time ago, that comparing results across samples in a naïve way is clearly problematic. 
Zhang and Bartels (1998) demonstrated their case using three different samples of electricity 
utilities and showed a pragmatic way to arrive at results that can be readily compared.
3 
Our focus on the Zhang and Bartels (1998) study is justified by two main arguments. 
First, this article is often credited as being among the first demonstrating the impact of sample 
size on average efficiency (see, e.g., Balcombe, Fraser and Kim (2006) for a study comparing 
average efficiencies across frontier methodologies). Second, and more importantly, this article 
has been a source of inspiration to some articles trying to circumvent this problem of comparing 
average efficiency across samples (see Dexter et al. (2008) and De Witte and Marques (2010), 
among others).  
Some often cited rules of thumb in the frontier literature maintain that certain relations 
between  the  number  of  observations  and  the  number  of  variables  should  be  observed.  For 
instance, Vassiloglu and Giokas (1990: p. 593) suggest that the sample should have at least 
twice as many observations as there are variables in the model. In the same vein, Dyson et al. 
                                                 
2 In the production frontier literature, the term “structural efficiency” has alternatively been employed to denote 
efficiency measures for the performance of a group of production units (i.e., an industry). Furthermore, though not 
explicitly phrased in terms of consumer welfare, it is clear that the measure of market efficiency developed in this 
contribution is somehow related to applied welfare notions (e.g., consumer surplus) employed in the economics and 
marketing literature on consumption behaviour. 
3 As a matter of fact, Zhang and Bartels (1998) point out that a similar problem exists when comparing average 
technical  efficiency  scores  across  samples  obtained  from  stochastic  parametric  frontiers.  An  early  attempt  to 
construct  confidence  intervals  for  firm  and  time  means  of  non-parametrically  and  econometrically  estimated 
efficiency scores in small samples is found in Atkinson and Wilson (1995). 
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(2001) maintain that the number of observations should be at least twice the product of the 
number of inputs and the number of outputs. These authors maintain that observing these rules 
when specifying a model should lead to well-differentiated results. These rules point to the fact 
that  for  low  numbers  of  observations  in  relation  to  the  number  of  inputs  and  outputs  the 
approximation of technology may become too poor to reveal anything about the efficiency of 
the observations. Even when researchers follow these rules and thus obtain well-differentiated 
results for a single market, this would not resolve the problem of comparisons across markets. 
Therefore,  our  paper  insists  on  the  necessity  to  compare  product  efficiency  across  different 
markets on an equal footing. 
Notice that the problem addressed here is far more general to the use of non-parametric 
frontier estimators than it might appear at first, since there are a number of other instances where 
results obtained from samples of different sizes are compared. Two obvious cases that come to 
mind are (i) surveys of published studies pertaining to the same industry
4 (ii) studies based on 
comparing efficiency estimates between unbalanced panels where the sample size changes over 
time.
5  
In  the  present  study,  based  on  some  efficiency  estimates  for  markets  for  computer 
hardware, we illustrate how a naïve application of DEA to the problem of comparing market 
efficiency  across markets fails to  generate sound conclusions.  Following  Zhang  and  Bartels 
(1998) we re-estimate the results for our larger samples limiting their size to the number of 
observations found in the smaller of the available samples. In the spirit of the Zhang and Bartels 
(1998)  method,  we  suggest  adjusting  sample  sizes  to  mitigate  the  eventual  differences  in 
dimensions included in the specification. These strategies should ideally reduce the bias effect to 
a  minimum  and  allow  for  a  comparison  of  market  efficiency  across  markets  without 
confounding effects.  
However, both a priori arguments and the empirical analysis show that the Zhang and 
Bartels (1998) method and its extension do not offer a general solution for the problem at hand. 
The systematic application of this methodological correction in this contribution and especially 
                                                 
4 To mention but a few studies related to the first case, neither Hollingsworth et al. (1999) and Hollingsworth (2003) 
on health care service providers, nor Athanassopoulos (2004), Berger et al. (1999), Berger and Humphrey (1997), 
or Paradi et al. (2004) on efficiency studies related to bank and bank branches even mention this bias issue. For 
example, Hollingsworth et al. (1999: p. 165) compare average efficiencies of hospitals with different ownership 
type stating that: “… public sector hospitals have the highest mean efficiency (0.96) and the highest median (0.96), 
compared with not–for–profit hospitals which have a lower mean efficiency (0.80) and a lower median (0.84).” 
without mentioning any sample properties. 
5 An example of the second case is the use of a sequential technology to compute efficiency using all cumulative 
data observed in the periods up to the period being considered, which allows measuring technical progress but 
precludes observing any technical regress. While most applications (e.g., Shestalova (2003)) ignore this problem 
altogether, already Färe et al. (1989: page 665) noted that “… one may wish to ensure that the reference sets … 
contain the same number of observations.”  
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the indication of its critical limits should therefore pave the way to a more systematic discussion 
on how to compare market efficiencies across different product categories, and in general on 
how to compare efficiency scores across different samples and/or different specifications. These 
limitations of the Zhang and Bartels (1998) article were not noticed before in the literature.  
This study is organised as follows. The next section gives a brief survey of the literature 
and discusses in some detail the problems that may arise due to the bias of the estimators used. 
Next, we provide a description of the non-parametric frontier estimation methodology. This 
section also elaborates on the need for the Zhang and Bartels (1998) approach or an alternative 
methodology in general and in market efficiency studies in particular. The following section 
contains a description of the data used. Thereafter, we present the  results obtained. A final 
section concludes. 
 
2.  Product Market Efficiency 
2.1  A Succinct Review of the Literature on Market Efficiency 
Efficiency of choice in the marketing literature has been measured in a variety of ways. Past 
studies exploring efficiency of consumer choice tend to define consumer inefficiency based on 
price-quality correlations (e.g., Morris and Bronson (1969)), price dispersions (e.g., Maynes and 
Assum (1982)) and a concept similar to Lancaster’s (1966) efficiency frontier (e.g., Kamakura et 
al.  (1988)).  In  addition,  analyzing  price  dispersion  has  become  increasingly  popular  in 
economics (see the Blinder et al. (1998) survey). While the early literature was mainly interested 
in macroeconomic implications in terms of business cycles and unemployment (e.g., Carlton 
(1989)), recent contributions also focus on consequences related to firm strategies, industrial 
organization, etc. (e.g., Warner and Barsky (1995)).  
Briefly  assessing  the  main  methodologies  employed  in  marketing,  measuring  price 
dispersion is useful for (fairly) homogeneous goods and services only. Otherwise, the eventual 
differences in quality characteristics must be accounted for. Furthermore, these studies cannot 
provide any indication as to the degree of informational imperfection in the market. Research on 
price-quality correlations has often used quality rankings of Consumer Reports to investigate the 
relationship between market prices and objective quality (see, e.g. Bodell et al. (1986), Faulds et 
al. (1995)). Most studies on price-quality correlations found a positive but weak correlation, and 
at times even a significantly negative correlation leading researchers to conclude that substantial 
inefficiencies prevail in many markets (see Ratchford and Gupta (1990), as well as Hjorth-
Andersen (1992)). However, there is no reason to believe that these price-quality correlations 
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provide any indication about the degree of market efficiency (see, e.g., the argument between 
Hjorth-Andersen (1992), Maynes (1992) and Ratchford and Gupta (1992)). Ratchford and Gupta 
(1992) argue in favour of the use of price-characteristics frontiers to delineate the subset of 
efficient products (in line with, e.g., Kamakura et al. (1988)), i.e., products worthwhile buying by 
fully informed consumers with according preferences.  
While price-quality correlations make it necessary to aggregate the quality dimension of 
a  product  into  a  single  index,  non-parametric  frontier  estimators  determine  the  relative 
efficiency  of  products  taking  into  account  price  and  all  multi-dimensional  quality  aspects 
simultaneously. Heterogeneous consumers may prefer different product attributes and a one-
dimensional quality index, which ideally reflects the preferences of a “representative” consumer, 
may produce misleading results. Even in the absence of information on consumer preferences, 
these efficiency measures at least provide an easily computable index of efficiency in markets 
with differentiated products. This explains why there are also a number of price-characteristics 
frontier studies where only a single market is scrutinised in detail. A full fledged analysis of 
market  efficiency  would ideally have to comprise the market shares of individual products, 
analyse transaction rather than list prices, consider dynamic aspects of market efficiency, etc. 
Because of lacking data, this is mostly neglected and for the same reason our analysis is unable 
to consider these aspects. 
While the bias problem discussed in the introduction is already relevant for single market 
studies, it is certainly highly problematic to compare market efficiencies across markets when 
data  properties  and  model  specifications  differ.  The  bias  problem  certainly  pertains  to  the 
standard frontier methodology applied by, e.g., Kamakura et al. (1988).
6 These authors studied 
20 markets in an effort to quantify potential welfare gains from eliminating inefficient buys. In 
each market, between 18 and 47 products were observed and each product was characterised by 
2  to  10  characteristics.  The  authors  found  52%  of  all  products  to  be  inefficient,  average 
inefficiency  being  at  10%  and  conclude  that  inefficiency  varies  substantially  over  markets. 
Much of the variation can be explained by differential consumer search strategies related to the 
product  price  but  is  also  driven  by  factors  such  as  purchasing  frequency,  budget  share  and 
involvement.  A  later  study  by  Ratchford  et  al.  (1996)  based  on  the  same  methodology 
                                                 
6 Note that the bias problem is not limited to standard frontier approaches. For instance, in his pioneering study, 
Hjorth-Andersen (1984) analyzed the efficiency of 127 markets to assess whether prices are valid quality indicators. 
In the markets analyzed, 5 to 34 different products were observed on each market and products were characterised 
by 3 to 16 characteristics. Efficiency was assessed by a simple vector dominance comparison, which is similar to 
another non-parametric frontier estimation method known as the Free Disposal Hull (Deprins et al. (1984)). The 
analysis revealed that 54% of all markets were inefficient and that the average inefficiency across all markets was at 
13%. Hjorth-Andersen (1984) concludes that prices are not a perfect signal for quality, but that welfare losses due 
to inefficient buys are much lower than previously thought. 
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comprised 60 markets with an average of 17 products and compared frontier measures with 
price-quality  correlations.  The  results  based  on  frontier  estimators  implied  an  average 
inefficiency of 18%. All frontier measures employed are highly correlated, but at the same time 
the correlation with the price-quality measures is low. 
While  non-parametric  frontier  estimators  seem  by  now  a  standard  tool  for  product 
benchmarking (see, e.g., Fernandez-Castro and Smith (2002) or Lee et al. (2004)), the statistical 
properties of these estimators and the implications for the interpretation of results have been 
largely ignored. Therefore, it is interesting to review the results derived in the market efficiency 
literature in view of this issue. For instance, the fact that, e.g., Kamakura et al. (1988) in their 
study comprising 20 markets find above average “market efficiency” for datasets with a below 
average number of observations and an above average number of parameters (and vice versa) 
raises the question whether this may – at least in part – be due to different degrees of bias 
affecting  the  results  for  different  markets.  Hence,  their  conclusions  on  the  relation  between 
price/budget share, purchasing frequency and involvement must be viewed with some caution. 
Equally so, the high correlation between all frontier measures found in Ratchford et al. (1996) 
cannot  be  interpreted  as  evidence  that  these  results  are  robust.  Instead,  different  frontier 
estimators may suffer from the same type of bias which may contribute to the high correlation. 
 
2.2.  Hedonic Price-Quality Relations: Non-Parametric Frontier Estimation 
and the Nature of the Problem at Hand 
The characteristics approach to consumer theory developed by Lancaster (1966) writes utility 
not as a function of a vector of goods but of their characteristics. Characteristics are normally 
assumed to be objective, in contrast to the concept of attributes widely used in psychology and 
marketing. In economics, building upon the characteristics approach to consumer theory, Rosen 
(1974)  developed  a  substantive  theoretical  framework  to  study  market  equilibria  for 
heterogeneous commodities differing along multiple characteristics (see Mendelsohn (1987) for 
an early review). Basically, one seeks to obtain an implicit price for the vector of observed 
characteristics to aggregate these into a measure of value. Recently, there emerged a series of 
applications of non-parametric frontier specifications imposing minimal assumptions (mainly 
monotonicity and convexity) to characterise the price quality correspondence and to explicitly 
measure the eventual presence of price inefficiencies.  
The remainder of this section on the estimation of non-parametric frontier efficiency of 
production starts with some basic definitions. Since we only intend to briefly summarise the 
main  arguments  of  an  existing  literature  (see  Simar  and  Wilson  (2000)),  we  keep  this 
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presentation  in  line  with  earlier  contributions  and  formulate  it  in  terms  of  the  production 
approach. A production possibility set describes which amounts of some p inputs x can produce 
some q outputs y: 
(1)        { } ( , ) can produce .
p q x y x y
+
+ Y = ÎR  
In our case, outputs are product characteristics whereas the input is the price of the product. As 
developed below, an efficiency measure is a price-performance ratio based on the simultaneous 
assessment of multiple outputs and can be interpreted as a measure of customer value (see Staat 
et al. (2002)). An input requirement set  ( ) X y  is defined as: 
(2)          { } ( ) ( , )
p X y x x y + = Î ÎY R . 
The assumptions maintained with respect to these sets are that a)  Y  is closed and convex and 
that  ( ) X y  is closed and convex for all y; b) nonzero production of y requires nonzero inputs x; 
and c) x and y are strongly disposable. The efficient boundary of the input requirement set 
( ) X y  is defined as: 
(3)      { } ( ) ( ), ( ) 0 1 X y x x X y x X y q q ¶ = Î Ï " < < , 
and  { } min ( ) k k k x X y q q q = Î  is the input-oriented efficiency measure for a given combination 
of inputs and outputs ( ) , . k k x y  It indicates the proportional reduction of observed inputs (prices) 
that would make the evaluated observation efficient. 
The sets Y  and  ( ) X y  as well as the efficient boundary  ( ) X y ¶  are not directly observed, 
but for any given sample of observations  ( ) { } , 1,..., i i x y i n = = S , the sample equivalents of (2), 
( ) ˆ , X y and (3),  ( ) ˆ , as well as of  X y q ¶  can be derived. Specifically,  ˆ
k q  is the estimate of  k q  
obtained by solving: 
(4)    ɵ
1 1 1
min ; ; 0; 1; 0, 1,..., .
n n n
k k i i k i i i i
i i i
y y x x i n q q l q l q l g
= = =
 
= £ ³ > = ³ =  
  ∑ ∑ ∑  
The  efficiency  measure  is  calculated  as  the  optimal  proportional  reduction  of  inputs  for 
observation k, given that the benchmark units (the terms containing the  i l ) produce at least as 
much output with no more inputs than  ˆ . k k x q  Efficient products in terms of qualities and price 
jointly  constitute  the  piece-wise  linear  reference  technology.  The  condition  1 1
n
i i l = S =  
maintained  in  (4)  leads  to  an  evaluation  based  on  a  variable  returns  to  scale  technology.
7 
                                                 
7 Without the latter condition, one allows for a free scaling up or down of price and characteristics, which is not 
warranted given the nature of our data (see also below). 
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Efficient products obtain an efficiency score of unity, while inefficient products obtain a score 
below unity.  
These input-oriented efficiency estimates based on non-parametric frontier methods are 
positively  (upwards) biased. Since the observed frontier  ( ) y X ˆ ¶  can only be as good as the 
theoretical frontier  ( ) y X ¶ , but never better, the benchmark based on sample observations is in 
all likelihood weaker than  ( ) y X ¶ . Hence, the upward bias of the efficiency scores  . ˆ q  
Theoretical results on the bias, which would allow correcting for it, are only available for 
the one-input and one-output case. Assuming a monotone, concave production function with a 
frontier function  () × g  that is twice continuously differentiable at x0, Simar and Wilson (2000) 
state the following expression for the asymptotic bias:
8 
(5)  ( ) ( ) ( ) ( ) ( )
1
2 3 2 3
0 0 0 0 1 ˆ asymp. bias of  2 , , g x n g x f x g x c
- ¢¢ = - -  
where  ( ) 1 is a constant and   is the density. c f ×  This bias depends on sample size n as well as on 
“the  curvature  of  the  frontier  and  the  magnitude  of  the  density  at  the  frontier”  (Simar  and 
Wilson (2000: p. 59)). It should be intuitively clear that that this bias decreases in density and 
increases in curvature. Thus, in (i) large samples with a (ii) high density of observations around 
a frontier and with a (iii) mild curvature, one should expect a relatively small bias. By contrast, 
when (i) the sample is small, (ii) the density of observations around the frontier is low, and (iii) 
the frontier exhibits kinks (changes in curvature), then a relatively large bias is to be expected. It 
should be evident that this bias is exacerbated with a rising number of characteristics used for 
the evaluation of observations. 
For the case with more than one input and/or more than one output, the bootstrap seems 
to  be  the  only  way  to  correct  for  the  bias  in DEA-type  estimators.  First,  a  naïve  bootstrap 
approach would be to resample with replacement samples of size n from the original data, but it 
is well-known that this method is inconsistent. Second, a simple and appealing idea is the sub-
sampling bootstrap whereby sub-samples of smaller size are drawn. While Kneip et al. (2008) 
have shown that this is consistent, the exact size of the sub-samples is critical for smaller data 
sets,  but  the  determination  of  this  size  remains  an  open  issue.  Finally,  there  are  bootstrap 
methods  that  employ  smoothing  techniques  to  approximate  a  distribution  of  the  efficiency 
scores  from  which  pseudo  scores  are  re-sampled.  However,  these  techniques  are  somewhat 
involved: for instance, it may be required to smooth the distribution of the efficiency estimates, 
to reflect efficiency scores at the limit of their distribution, to transform the data from Cartesian 
                                                 
8 See their section 3 and the results obtained by Gijbels et al. (1999). As a matter of fact, this expression given in 
Simar and Wilson (2000) pertains to the output oriented case. 
IESEG Working Paper Series 2010-ECO-01  9 
to spherical coordinates, to calculate pseudo data from estimates of pseudo scores, these pseudo 
data can in turn be used to estimate bootstrap efficiency scores, (Simar and Wilson (2000)).
9  
Some  statistical  procedures  for  testing  various  restrictions  in  the  context  of 
nonparametric models of technical efficiency do exist in the literature. For instance, tests for 
whether  inputs  or  outputs  are  irrelevant  and  aggregation  tests  have  been  formulated  and 
bootstrap estimation procedures yielding appropriate critical values for the test statistics have 
been provided in combination with evidence on the true sizes and power of these tests statistics 
obtained from Monte Carlo experiments (see, e.g., Simar and Wilson (2001)).
10  
However, these test statistics are designed to compare nested model specifications only. 
To  the  best  of  our  knowledge  no  general  statistical  procedures  have  been  proposed  in  the 
literature allowing comparing potentially non-nested model specifications and models based on 
potentially different samples (differing, among others, in sample size or nature of the data (time 
series, cross-section, panel, …)). Furthermore, the above mentioned statistical test procedures 
are demanding in terms of informational requirements. In particular, these tests assume perfect 
data availability in that the underlying samples of inputs and outputs must be readily available. 
However, when comparing results across different studies (e.g., in view of formulating policy 
advise),  often  more  limited  information  is  available:  for  instance,  sample  size,  number  and 
nature of inputs and outputs, average efficiency levels (or some other summary statistic), etc.  
 
2.3.  Zhang  and  Bartels  (1998)  on  Comparing  Frontier  Estimates  across 
Samples and Specifications 
Zhang and Bartels (1998) using data on electric utilities demonstrate that average efficiency is 
lower when there are more observations in a model for a given number of variables used. They 
argue in favour of using a Monte Carlo-type of approach limiting the size of larger samples to 
the size of the smallest sample in order to derive average sample efficiencies to be compared 
across samples in a pragmatic way. We follow Zhang and Bartels (1998) in drawing (without 
replacement) random sub-samples from larger samples such that they  match the size of the 
smaller samples obtained for a different product of the same category. By repeating this process 
a large number of times and averaging over the results we obtain the expected market efficiency 
for larger samples if only a smaller sample had been available. In this way, we make some 
                                                 
9 Gstach (1995) already proposed a smoothed bootstrap technique in a more ad hoc fashion. 
10 Another example of such a nested test is related to testing hypotheses regarding returns to scale (e.g., Simar and 
Wilson (2002)). 
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progress towards disentangling the sample size effect as described by Zhang and Bartels (1998) 
from (expected) differences in market efficiency of products from the same category. 
However,  one  should  notice  that  the  Zhang  and  Bartels  (1998)  method  provides  no 
correction for bias in a technical sense, but simply ensures that results share a similar degree of 
bias.  Note  also  that  the  application  of  this  approach  artificially  limits  the  precision  of  the 
estimates. Indeed, reducing the number of observations decreases the level of precision to the 
one for the market with the smallest sample size. Thus, the gain in one desirable property –
increased comparability– comes at the loss of another desirable property –the overall precision 
of the estimates.  
Furthermore, the original Zhang and Bartels (1998) article only focuses on remedying 
differences in sample size for models with the  same number of parameters. Since the non-
parametric estimators have a  rate of  convergence that is inversely related to the number of 
parameters  in  the  model  (e.g.,  Kneip  et  al.  (1998)),  the  bias  increases  with  the  number  of 
parameters. To maintain the precision of the estimates when parameters are added to a model, 
the number of observations must increase considerably. The simulation results by, e.g., Pedraja-
Chaparro et al. (1999) are compatible with the theoretical results obtained by Kneip et al. (1998) 
in that the number of observations must ideally double for each parameter added to a specific 
model to retain the same level of precision for the estimates. Thus, one way to deal with the fact 
that  different  models  are  estimated  using  different  numbers  of  parameters  is  to  adjust  the 
number of observations in the samples accordingly. 
An  alternative  for  adjusting  the  number  of  observations  is  to  simply  drop  some 
parameters  from  the  models  containing  relatively  more  parameters,  or  to  aggregate  some 
parameters into a single parameter. However, Orme and Smith (1996) demonstrate that dropping 
a  parameter  that  is  highly  correlated  with  another  parameter  from  the  model  or  dropping  a 
parameter that is basically uncorrelated with the rest of the parameters may have very different 
effects  on  the  results.  Therefore,  it  is  not  obvious  how  dropping  or  aggregating  parameters 
contributes to the solution of the underlying problem. Consequently, we explore each of these 
strategies in turn.  
In brief, when different numbers of parameters are available for different markets, this 
can be considered by either adjusting the sample size accordingly or by dropping parameters 
from  the  model  to  arrive  at  comparisons  based  upon  an  equal  number  of  parameters  and 
observations.  However,  the  latter  strategy  is  only  possible  when  there  are  relatively  more 
observations  for  the  products  with  more  parameters  and  thus  cannot  be  generalized  to  all 
situations in which a comparison of markets is needed.  
IESEG Working Paper Series 2010-ECO-01  11 
Consider, for instance, the markets for hair conditioners and dishwashers evaluated by 
Kamakura et al. (1988). There are 47 observations for hair conditioners which are evaluated by 
two attributes, but only 25 observations for dishwashers which are evaluated along ten attributes 
(see their Table 4, p. 299). The fact that the average efficiency of hair conditioners is estimated 
at only 71.3%, whereas that of dishwashers is estimated at 91.1% is no surprise. One should 
expect that 25 observations evaluated on 10 characteristics turn out to appear more efficient than 
47 observations benchmarked on just 2 characteristics if the true underlying efficiencies of the 
markets  are  not  too  different.  While  one  ideally  would  like  to  adjust  the  data  such  that 
comparisons  across  markets  become  sensible,  one  should  realise  that  this  may  become 
practically impossible for certain combinations of data and model characteristics. For instance, 
to  keep  the  entire  information  available  for  conditioners,  we  would  need  6400  (=25*2
(10-2)) 
observations on dishwashers. Alternatively, we could use both attributes for conditioners, but 
only  one  (out  of  ten)  for  dishwashers,  resulting  in  two  roughly  comparable  settings:  47 
observations  and  two  characteristics  vs.  25  observations  and  one  characteristic.  A  final 
possibility  would  be  to  keep  two  characteristics  for  dishwashers  and  limit  the  number  of 
observations for conditioners to just 25. Without commenting on the open question of which 
markets can be meaningfully compared to one another under ideal circumstances, we simply 
point out that none of these technically feasible comparisons seem to make much sense. Hence, 
practical issues may limit the scope for making meaningful comparisons between markets and 
their informational efficiencies.  
Therefore, a priori the Zhang and Bartels (1998) method cannot be universally applied. 
Furthermore,  it  is  informationally  demanding  in  that  the  underlying  samples  of  inputs  and 
outputs  must  be  accessible.  This  observation  calls  for  the  search  for  more  general  methods 
capable to handle any configuration of sample sizes and specifications to which we return in the 
conclusions. Now, we first turn to the presentation of the data which we utilise to illustrate the 
possibilities and limitations of the Zhang and Bartels (1998) approach.  
One admittedly limited way out is to concentrate on making international comparisons 
for a single market and then adjusting for differences in the sample size for a given number of 
dimensions. Another way out is to focus on comparing efficiency within the same market over 
time (e.g., using discrete time indexes (see Chumpitaz et al. (2009) for an example), provided 
we can define coherent product life cycles for some of the markets involved. Maybe one can 
even think about combining both of these strategies. Obviously, these strategies would severely 
limit the use of hedonic frontiers in a marketing context.  
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3.  Data: Sample Description 
To investigate whether the empirical results and hence the conclusions derived in earlier market 
efficiency studies may in fact have been influenced by the properties of the estimators applied, 
this contribution assesses the market efficiency for two product categories using several datasets 
for computer parts. The data used in the current analysis are taken from hardware tests published 
in  the  German  computer  magazine  “CHIP”  in  2005.  These  hardware  test  results  were  then 
available at the website of this magazine (www.chip.de) and have subsequently been updated. 
The information provided is similar to that contained in the Consumer Reports data used in 
previous studies, but “CHIP” specializes in computers and computer related products. We utilize 
data on two product categories: (i) hard disk drives (HDD), and (ii) CD/DVD-writers. Since 
“CHIP”  updates  prices  from  internet  vendors  and  we  can  safely  assume  that  haggling  is 
impossible for internet transactions, we are among the first studies analysing transaction rather 
than list prices, as done by most studies in the literature. 
These products have been selected because one does not expect the consumer’s attitude 
to vary between them. The buyers of these products can be considered expert buyers. Since they 
themselves  normally  fit  these  computer  parts  into  the  computers  and  since  this  requires 
substantial technical expertise, it is likely that we deal with “prosumers”. At the same time, the 
price ranges in which these products sell are rather similar, so are the purchasing frequency, the 
involvement, and most likely any other aspect of shopping behaviour. Hence, we would expect 
similar market efficiency levels for the markets analyzed as far as the shopping behaviour of 
customers  is  concerned.
11  Of  course,  there  may  be  other  reasons  for  differences  in  market 
efficiency, like brand and retailer  attributes, the phase of the product  life cycle, the market 
structure, etc.
12 
These specific aspects of the data allow isolating the effect of sample size and model 
dimensions on average efficiency from other factors on the consumer side that may potentially 
lead to differences in average market efficiency. Efficiency differences may, however, exist 
because some products are clearly standard products whereas others pertain to more specialized 
needs. For the hard disks, the standard is IDE drives, while SCSI drives continue to exist along 
with these more common types of drives. Similarly, different form factors for external drives 
continue to play a role in the market for hard disks. Likewise, standard CD drives/writers are 
                                                 
11 The market efficiency reported in the studies by Hjorth-Andersen (1984), Kamakura et al. (1988) or Ratchford et 
al. (1996) was most likely affected by differences in the above mentioned attitudes, since the market efficiency of 
very heterogeneous product categories was investigated.  
12 Of course, the market efficiency results are conditional upon the correct specification of the price characteristics 
hedonic relationship. It is well-known that when this relationship is misspecified due to unknown characteristics, 
then the interpretation of these efficiency estimates is problematic (see Varian (1988)). 
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now fitted into nearly every computer sold and DVD drives/writers are about as common as CD 
drives. We may surmise that the markets for the most common type of product are the ones with 
the fiercest competition and therefore the highest average efficiency, whereas the less common 
or newly marketed products are in an  earlier stage of their product life cycle such that the 
maturity of the market and hence market efficiency is lower. Also some products are at the end 
of their life cycle and may be about to be phased out. 
All  products  are  evaluated  in  the  test  laboratory  of  CHIP  with  the  same  test  set-up. 
HDDs  as  wells  as  CD/DVD  writers  were  fitted  into  identical  computers  running  the  same 
software. For all HDDs (internal and external; based on IDE, SATA or SCSI technology; and 
the  special  case  of  notebooks  (NB))  the  attributes  access  time,  transfer  rate,  data  base 
performance,  noise  and  power  consumption  function  as  outputs  (characteristics).
13  Since  all 
HDDs are evaluated with the same number of characteristics, it is sufficient to generate samples 
of equal size to compare the average efficiency of these markets on an equal footing. Here, the 
number of observations ranges between 6 (1" HDDs) and 33 (NB HDDs).  
The situation is different for the CD/DVD-drives, since the number of characteristics 
varies  slightly  between  6  and  7  per  product.  Therefore,  we  provide  a  table  listing  these 
characteristics. Table 1 lists the products (rows) and the characteristics by which these products 
are evaluated (columns). Since all products are also evaluated by their price, this column is not 
represented in the table. The number of observations ranges between 5 and 31 for CD/DVD 
writers (see parentheses in the first column in Table 1). 
 
Table 1: Products Categories and Evaluated Parameters  
CD/DVD-Writers           
Type (# Obs.)  Specific  Write  Read  Features  Noise  Performance UDF 
CD (5)  Manual  R/RW  CD  x    x 
DVD (17)    DVD/CD  DVD/CD  x  x   
DVD slim (31)    DVD/CD  DVD/CD  x  x   
 
The fact that the number of observations as well as the number of characteristics differs 
across products complicates the comparison across these markets significantly. For CD writers 
the read/write and UDF performance are core features and also the documentation is relevant 
(listed in column 1 of Table 1). For DVD-writers, documentation is not considered, but noise 
level is now a relevant characteristic that was not considered for CD writers. Also, since DVD-
                                                 
13  In  fact,  these  five  criteria  contain  aspects  of  mobility  for  the  external  HDDs  that  are  not  contained  in  the 
evaluation of the other drives, while the SATA drives are also evaluated with respect to the performance on specific 
applications which are not relevant for the rest of the drives. CHIP provides no further details on how these slight 
variations across HDDs are integrated into the five criteria reported. 
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writers are really CD and DVD drives combined, the read and the write performance for both 
DVDs and CDs are considered separately. In the end, this results in 6 characteristics for CDs 
and 7 characteristics for DVDs. 
CHIP  simply  aggregates  the  values  for  the  single  characteristics  with  a  fixed  set  of 
weights and then arrives at a ranking for the products based on this weighted aggregate. Ideally, 
these weights should reflect the preferences of some “representative” consumer. But, one should 
realize that if it made sense to evaluate these products in such a way, then there would be no 
need for differentiated product variants in the first place since they could never coexist in the 
market if all consumers behaved like a “representative” consumer. CHIP seems aware of this: its 
website  now  allows  readers  to  change  the  standard  weights  used  by  the  magazine  online 
according to their own preferences and then provides the corresponding ranking. 
Since CD writers are the products with the lowest number of observations (5 as opposed 
to the 17 and 31 observations for the two types of DVD writers) and evaluated on the basis of a 
smaller number of characteristics (6 compared to 7), as explained at the end of section 2, there 
are different strategies to end up with a comparison of average market efficiency on an equal 
footing. While comparing all products on the basis of 5 observations regardless of the number of 
characteristics in the model does not lead to a comparison of equally precise/biased estimates 
(since with an equal number of observations the model with more characteristics tends to be 
more biased), we have two options to achieve this. 
First, we can adjust the number of observations according to the different number of 
characteristics. In our case, this implies comparing the results for the CD market obtained with 5 
observations on the basis of a model with 6 characteristics to results for DVD-drives obtained 
with a model with 7 characteristics and datasets for which the number of observations has been 
artificially  limited  to  10  (since  one  more  characteristic  necessitates  doubling  the  number  of 
observations).
14  
Second, we can also drop one characteristic from the DVD models and evaluate both the 
CD- and the DVD-writer markets based on 5 observations and 6 parameters. However, as Orme 
and Smith (1996) demonstrate, the results may change drastically depending on whether the 
dropped parameter (in our case, a characteristic) is correlated or not with other parameters.
15 Yet 
another variation on this second strategy is to aggregate parameters.  
                                                 
14 Notice that this strategy is only possible when there are relatively more observations for the products evaluated 
with more characteristics. If this condition is not met, then this option is unavailable and one can only adopt the 
second strategy described below. 
15 Recall that dropping a parameter that is perfectly correlated with another parameter does not change the results at 
all, whereas dropping a parameter that is not correlated with any of the others often results in a decrease in average 
efficiency. 
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Before proceeding to the results of the simulation exercises, it is useful to stress several 
noteworthy aspects of the data. First, the number of products per market and the number of 
attributes observed here are in about the same range as in the early study by Hjorth-Andersen 
(1984), while slightly larger data sets were used by Kamakura et al. (1988). Hence, as far as the 
sample  properties  are  concerned  we  would  expect  the  same  type  of  variation  of  efficiency 
between  product  categories  as  in  these  studies  and  even  though  the  samples  analysed  are 
relatively small, they offer a typical and realistic case study. By contrast, one may suspect that 
technical products like the ones analyzed here are much more homogeneous than the products 
analyzed in other studies. 
Second,  to  give  a  visual  impression  of  the  relative  heterogeneity  among  even  these 
technical products, Figure 1 provides box plots for the five characteristics of the 12 SCSI drives 
in the sample. The box plots have the usual interpretation: the box reflects the interquartile 
range, the whiskers include 75% of observations, and the dots are outliers outside the range of 
three standard deviations. Note that the data are scaled such that a larger value implies a better 
performance (e. g., a larger value for “noise level” implies “lower” noise) and that the optimal 
performance in each category is normalized to 100.  
 
Figure 1: Box Plots for SCSI Drives 
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It is obvious that the values for all five characteristics span over a considerable range and 
that these drives are not homogeneous, but seem to be relatively differentiated. For instance, 
only for the noise level there is no observation below the value of 50. Furthermore, in the power 
consumption dimension, there is clearly a potential outlier situated outside the outer fences.
16 
Obviously, this sample information may hide considerable individual variations. For example, in 
the case of power consumption one drive outperforms all others by far using less than half the 
power of the second best drive in the sample. Furthermore, some drives have an almost identical 
product concept that differs markedly from other drives in the same sample. 
Therefore, while the attitude with which consumers shop for these products is likely to 
be  identical  across  markets  and  while  the  estimation  method  ensures  that  bias  effects  are 
minimized, there is sufficient differentiation among the products such that inefficiency could be 
identified  if  present.  Remember  that  the  bias  depends  critically  on  the  density  of  the 
observations around the relevant segment of the frontier: this implies that the distribution of 
product characteristics within the same market plays an important role for the resulting bias and 
that no a priori assessment of bias is possible. 
 
4.  Empirical Results 
Table 2 presents the results for the HDDs, the first product category. The table is organised as 
follows: on the main diagonal, the average efficiencies for all products from a standard, input-
oriented variable returns to scale specification are displayed. Remember that it is this average 
efficiency displayed on the diagonal which is interpreted as a measure of market efficiency in 
the studies discussed above, resting on the evaluation of the entire samples for which the size is 
listed in the second column. The column headers give the number of observations used for 
estimation and the first column lists the product type. The off-diagonal cells list results that were 
obtained by drawing, as described above, smaller sub-samples.  
For instance, the 1" HDDs, for which there are only six observations, seem to constitute a 
perfectly efficient market (see bottom row). However, this may be the consequence of the very 
small number of observations. Other average efficiencies on the main diagonal, where standard 
DEA  results  for  original  sample  sizes  are  reported,  range  between  below  80%  to  89%. 
Furthermore, note that while the relationship between sample size and average efficiency is by 
no  means  a  linear  one  –  other  effects  such  as  the  density  of  observations  around  specific 
                                                 
16 It is important to underscore the fact that especially deterministic frontier methods like DEA may suffer from the 
presence of outliers. A specialised literature has developped to identify outliers in this context: see, e.g., Fox et al. 
(2004), Seaver and Triantis (1995), Simar (2003), and Wilson (1993).  
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segments of the frontier play a role – a clear tendency for smaller samples to be attributed higher 
average  efficiency  can  be  observed.  Standard  IDE  drives  seem  to  be  the  most  inefficient 
product, but this may again be due to the fact that the sample for IDE drives is the second largest 
sample in this product category. When the expected average efficiency is calculated for IDE 
drives for smaller sample sizes these drives appear to be relatively more efficient the smaller the 
sample becomes (compare the results given in the row “IDE” to the results for the other product 
types in the respective columns). This is in line with the intuition that a market with a huge trade 
volume – the market for the “standard” product – should in fact be among the more efficient 
markets. This would have been contradicted by the results generated on the basis of a naïve 
application of the frontier model to the original samples. 
 
Table 2: Results for Hard Disk Drives 
Type  Obs.  33  22  21  19  13  12  6 
HDD NB  33  82.30%  86.21%  86.52%  87.63%  91.13%  90.63%  95.87% 
HDD IDE  22    79.82%  80.78%  82.83%  88.34%  90.03%  95.67% 
HDD SATA  21      81.02%  81.42%  85.22%  84.71%  89.65% 
HDD 3.5"  19        85.41%  88.23%  89.67%  95.57% 
HDD 2.5"  13          88.52%  88.94%  94.06% 
HDD SCSI  12            82.92%  91.83% 
HDD 1"  6              100% 
 
As another example, the second most efficient product according to the standard results 
(main diagonal) are 2.5" HDDs with an average efficiency of 88.5%. Since these drives are 
needed for specific purposes only, one could conjecture that it is unlikely that this market would 
be among the more efficient ones. When comparing them to other product types on the basis of 
like  sample  size,  these  drives  are  in  the  midrange  in  terms  of  efficiency  and  not  in  any 
particularly efficient position.  
Similar effects can be observed for the product category of CD/DVD writers in Table 3. 
This table is structured very much like Table 2 above. Looking at the left part, comparisons are 
made correcting for sample size, while maintaining the original model specification irrespective 
of the number of dimensions (i.e., 6 parameters for CDs and 7 for DVDs). For instance, the 
column headed “5” lists the average market efficiency for the category of CD/DVD writers 
based on 5 observations only, i.e., for DVD writers with a slim size factor and for standard DVD 
writers the results are based on five observations to make them comparable to the CD writer 
group  of  products  where  only  5  models  are  left,  even  though  respectively  17  and  31 
observations were available for these two product types. We have listed the standard results for 
the DVD-markets under the respective heading and as above simulated results for the market 
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with the most observations (31 for slim sized DVD writers) for all smaller sample sizes (here 
only one additional simulation for 17 observations). 
 
Table 3: Results for CD/DVD-Writers 
  Adjusting for sample size only  Adjusting for sample size & dimensions 
  31  17  5  10 for DVD/ 
5 for CD 
5 (less 
Noise) 
5 (less DVD 
read/CD 
write) 
DVD writer  88.60%  92.11%  97.87%  95.15%  97.28%  96.78% 
DVD writer 
Slim 
  95.20%  98.65%  96.70%  93.81%  98.44% 
CD writer      90.67%  90.67%  90.67%  90.67% 
 
From the standard results listed on the main diagonal in the left part of the table – where 
all observations in the respective samples were used for estimation – one may infer that the 
market  for  standard  DVD  writers  is  the  most  inefficient  of  the  three,  since  the  average  of 
88.60% is the lowest on the main diagonal. An interpretation of the same standard results that 
ignores the effects just discussed would consider the market for DVD writers with a slim size 
factor the most efficient market, because its average efficiency of 95.20% is the highest listed on 
the main diagonal. The market for CD writers is positioned in between both extremes (90.67%).  
Notice that the second column with heading “17” can be interpreted along similar lines if 
one were only interested in comparing the two markets for DVD writers, but disregard the CD 
writer market. In the latter case one takes the sample size of slim DVD writers as a starting point 
for the comparison. This picture changes markedly when looking at the column headed “5”. 
This column allows comparing all 3 product types based on the same sample size, namely the 
size of the smallest market. The markets for both types of DVD writers seem to be about equally 
efficient  (98.65%  and  97.87%,  respectively),  while  the  market  for  CD  writers  seems 
substantially less efficient. The latter results compare market efficiency across product types on 
a more equal footing than the results on the main diagonal, but the difference between the DVD 
and CD results may be exaggerated because there is one more parameter in the DVD model.  
Turning  attention  to  the  right  part  of  Table  3,  we  also  provide  results  for  the  DVD 
markets for 10 observations, i.e., twice the number of observations available for the CD market 
(where products are evaluated with a model that has one characteristic less and the number of 
observations  stays  put  to  the  original  5  observations).  As  explained  above,  one  more 
characteristic and twice the number of observations should make these results comparable to the 
ones for the CD market. Another way to generate comparable results is to drop characteristics 
from  the  DVD  models.  As  mentioned  before,  this  may  lead  to  different  changes  in  results 
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depending on how the characteristic dropped from the model correlates with the rest of the 
characteristics. With real data, there are neither perfectly correlated nor completely uncorrelated 
characteristics that could be dropped. We have chosen to drop one characteristic that was not 
correlated  with  any  of  the  other  characteristics  in  the  model,  namely  noise  level,  and  one 
characteristic that was strongly and significantly correlated with another one: for slim size DVD 
writers and for normal DVD writers we dropped DVD reading performance respectively CD 
writing performance, both having a correlation coefficient above 0.5 with another characteristic 
and significant at the 5% level. Notice that all results added to adjust for the different number of 
characteristics of the models have been put in italics. 
Looking at the first column of the right part, the average efficiency for the DVD markets 
drops  slightly  compared  to  the  column  headed  “5”.  The  inefficiency  of  the  CD  market  is 
confirmed and it seems that CD writers are an outdated product that has been superseded by 
DVD  drives  that  write  CDs  as  well.  The  remaining  CD  writers  are  rather  few,  seem  to  be 
phasing out, and the market does not appear to be very efficient anymore. The newer DVD 
drives have currently a larger sales volume and are traded much more efficiently. 
Finally, we discuss the results for the models for DVD writers where one parameter was 
dropped. These results are listed in the two last columns of Table 3. The changes of the results 
should be interpreted with care. On the one hand, when dropping a variable that is uncorrelated 
with  any  other,  one  destroys  a  maximum  of  information  and  therefore  one  would  expect  a 
palpable change in results. This happens for slim size DVD writers where efficiency drops by 
nearly 5% due to ignoring the noise level characteristic, but dropping the same characteristic for 
standard  DVD  writers  changes  almost  nothing.  On  the  other  hand,  dropping  a  positively 
correlated  characteristic  leads  to  results  that  are  somewhat  more  comparable  to  the  results 
obtained by doubling the number of observations for the model with an extra parameter. 
These results for a variety of hard disk drives and CD/DVD writers both provide evidence 
about  the  potential  bias  in  average  market  efficiency  due  to  differences  in  sample  size  and 
dimensionality.  For  instance,  for  both  product  categories,  the  ranking  of  markets  based  on 
efficiency varies considerably when the size of the samples is adjusted to allow for comparison. 
These results should provide a fair warning against the current practice of taking average market 
efficiency results at face value and comparing them across markets. Especially the regressions 
of  average  efficiencies  on  price  level  (see  Kamakura  et  al.  (1988))  and  potentially  other 
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5.  Conclusions 
An empirical application on a few varieties of computer hardware components sold in 
the German market has served to illustrate the possibilities and limitations of the Zhang and 
Bartels (1998) procedure in comparing inefficiency levels across markets. The main message of 
this empirical illustration is that all currently reported results on product market efficiency in the 
literature should be interpreted (and compared) with great care. Irrespective of informational 
requirements,  the  key  methodological  message  from  this  contribution  is  that  there  currently 
seems  to  be  no  simple  means  available  for  comparing  average  efficiencies  of  datasets  of 
different size and involving different specifications. This is a serious lacuna requiring more 
attention in the future. 
The Zhang and Bartels (1998) method lacking general applicability, it is important that 
other  avenues  are  explored  to  compare  efficiency  scores  across  different  samples  and/or 
different specifications. Apart from the remarks on recent bootstrapping proposals in subsection 
2.2., in the recent literature one can find several potentially promising alternatives. One recent 
potential solution is the use of the order-m estimators proposed in Cazals, Florens and Simar 
(2002) that do not suffer from the curse of dimensionality at all and that furthermore tend to be 
robust for any eventual outliers. Martins-Filho and Yao (2008) propose another nonparametric 
order  α  frontier  model  with  very  similar  properties.  An  earlier  proposal  for  constructing 
confidence  intervals  for  average  efficiency  scores  in  both  non-parametric  and  parametric 
frontiers is found in Atkinson and Wilson (1995). Yet another recent estimator proposed by 
Allon  et  al.  (2007)  employs  convex  entropic  nonparametric  estimators  to  estimate  concave 
production  frontiers.  Finally,  without  the  ambition  of  completeness,  further  new  frontier 
estimators have been proposed in Bouchard et al. (2005) and Post et al. (2002), among others. 
However, the small sample properties of most of these alternative frontier estimators are unknown. 
Therefore, a comparative analysis is being called for to test the relative strengths and weakness of 
these estimators. 
This search for a proper remedy is important when drawing conclusions from this type of 
research  for  both  public  (e.g.,  industrial  sector  analysis)  and  private  (e.g.,  decisions  about 
entering  or  leaving  a  market  in  terms  of  potential  surpluses)  policies.  One  major  practical 
                                                 
17 Inferential problems related to the explanation of efficiency patterns in a second stage analysis have recently been 
investigated in Simar and Wilson (2007). 
IESEG Working Paper Series 2010-ECO-01  21 
implication to facilitate this search for a proper remedy is that the data used in these market 
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